Introduction 51
Multi-metric biotic indices integrate information from a suite of characteristics 52 (metrics) of the biological communities upon which they are based to provide an 53 assessment of the ecological integrity of ecosystems (Karr, 1981; Gibson et al,. 2000) . 54
These indices typically comprise metrics that measure the species composition, diversity 55 and trophic, habitat and/or life history structure of the assemblage such that, in 56 combination, they reflect the structure and function of the ecosystem of interest. Such 57 indices are now a key component of national estuarine monitoring programs in the United 58
States, South Africa and Europe (Deegan et al., 1997; Bilkovic et al., 2005; Harrison and 59 Whitfield, 2006; Uriarte and Borja, 2009 ) although, to date, their application to Australian 60 estuaries has been limited (Borja et al., 2008) . 61
Typically, independent measures of ecosystem condition are used to test 62 hypotheses of metric responses to changes in physical habitat quality (Deegan et al., 1997) , 63 water quality (Hughes et al., 1998) or anthropogenic degradation (Breine et al., 2007) , and 64 those metrics which are most sensitive to these types of environmental degradation are 65 then selected as those which best reflect ecosystem health, for inclusion in a multi-metric 66 index. However, in several cases, such independent measures of ecosystem condition are 67 not readily available, thereby limiting any of the currently-known quantitative methods for 68 selecting the most useful suite of metrics. The only alternative in such cases is to employ 69 expert judgement, which not only suffers from the influence of subjectivity, but provides 70 no sound evidence that the suite of metrics selected is the most useful. 71
We outline a novel, quantitative and broadly applicable approach for selecting the 72 most responsive subset of metrics for constructing a multimetric biotic index. This 73 approach, which can be applied to any appropriate biota in any ecosystem, employs a 74 combination of multivariate statistical analyses to assess metric sensitivity and 75 redundancy, thereby allowing the most useful and parsimonious subset of metrics to be 76 selected for subsequent incorporation into a multi-metric index of ecosystem health. 77
To outline this approach and demonstrate its characteristics, we sought to select 78 appropriate fish community metrics from which to construct a multi-metric, biotic health 79 index for the permanently-open Swan Estuary, located on the lower west coast of Western 80 Australia (WA) (32.055°S, 115.735°E; Fig. 1 ). Due to the lack of established national or, 81 until recently, State strategies for monitoring and assessing estuarine health in Australia, 82 existing schemes, which have been based largely on water quality or floral communities, 83 have generally been limited in scope, poorly developed and/or inconsistently applied and 84 tested (Deeley and Paling, 1998; Borja et al., 2008; Hirst, 2008) . This is particularly so in 85 WA, which suffers from a lack of existing ecological indicators or independent measures 86 of habitat quality for systems including the Swan Estuary, against which the sensitivity of 87 candidate fish metrics might be assessed. 88 89
Methods 90

Collation of data sets 91
Given a lack of knowledge of the magnitude and/or direction of change in the 92 health of the Swan Estuary (or any such ecosystem) over time, the approach to metric 93 selection which we describe rests on the assumption that the ecological condition of the 94 estuary has simply varied over time, in an unquantified and non-directional manner, in 95 response to changes in the suite of stressors acting upon it. Given this assumption, the 96 approach to metric selection described here focused on selecting that subset of candidate 97 metrics that most consistently exhibited inter-annual changes at the ecosystem level over 98 periods spanning 33 years, and thus which are likely to be most sensitive to longer-term 99 changes in ecosystem condition. This approach was applied across multiple sets of fish 100
Prior to selecting those fish metrics that exhibited the most consistent inter-annual 150 differences and thus could be considered to be the most sensitive to temporal shifts in 151 ecosystem health, several candidate metrics were eliminated from further consideration on 152 the basis of their ambiguous nature (total fish density), high correlation with other metrics 153 (various trophic structure metrics, including the contributions of piscivores, carnivores, 154 omnivores and opportunistic species) or a lack of information (Pielou's evenness index 155
[which is undefined for zero catches], the contribution of introduced species and its 156 complement, the contribution of native species). Elimination of these metrics generated a 157 refined list of candidate metrics to be tested for inclusion in the index of estuarine health 158 (Table 3) . 159
Data derived from samples collected during all studies using each of the four 160 sampling methods listed in Table 1 (i.e. the 21.5, 41.5 and 102-133 m seine nets in the 161 nearshore waters and the gill net in the offshore waters) were analysed separately to 162 overcome the effects of gear-induced biases. Values for each of the candidate metrics in 163 the refined list (Table 3) were calculated for each replicate sample in each data set, and the 164 resultant data were then subjected to the following statistical analyses in the PRIMER v6 165 multivariate statistics package (Clarke and Gorley, 2006) with the PERMANOVA+ for 166 PRIMER add-on module (Anderson et al., 2008) , to identify that subset of metrics that 167 most consistently exhibited inter-annual differences between 1976 and 2009 in both the 168 nearshore and offshore waters of the Swan Estuary. 169 170
Data pre-treatment 171
The 21.5, 41.5 and 102-133 m seine net metric data sets (hereafter '21 m data set ', 172 '41 m data set' and '102-133 m data set', respectively) were each used, in combination, to 173 select the most informative subset of metrics for incorporation into an index of health for 174 the nearshore waters of the Swan Estuary, and the gill net data set was used to select 175 metrics for incorporation into a similar index for the offshore waters of the Swan Estuary. 176
Prior to analysis, each metric in each data set was transformed, where necessary, to 177 stabilise its variance across different region*season*year combinations, so that standard 178 general linear models could be fitted to the data. The most appropriate transformation in 179 each case was determined by ascertaining the slope of the relationship between log e (mean) 180
and log e (SD) for the various groups of replicate samples, i.e. each of the above 181 combinations (Clarke and Warwick, 2001) . Depending on the extent of this slope, 182 transformations selected from the set of none, x 0.5 , x 0.25 , log e (c 1 + x) were applied to either 183 the x value or its complement, c 2 x, where c 1 is typically 0.01 and c 2 is typically 1 for 184
proportions. For each of these data sets, the draftsmans plot routine was used to ascertain 185 the degree to which each pair of metrics was highly correlated (i. Table 3 for metric codes) were found to 188 be highly correlated with other metrics in each nearshore and offshore data set, and were 189 thus eliminated from further analyses. In addition, the metrics Prop P. olorum and 190
Tot no P. olorum were also eliminated from the latter data set, as the small goby species 191
Pseudogobius olorum is not captured by the gill nets employed to sample offshore waters. 192
As the values of the fish metrics for each data set exhibited marked differences in 193 their relative variability within groups of replicate samples, even after transformation, each 194 was then divided by its average standard deviation (calculated as the mean of the standard 195 deviations for each group of region*season*year replicates) to weight it by its inherent 196 variability. This novel pre-treatment step thus relatively down-weighted the influence of 197 highly erratic, 'noisy' metrics whilst relatively up-weighting the influence of those metrics 198 with comparatively consistent values across replicate samples. 199
In order to focus on the inter-annual differences in fish metric composition in each 200 of the data sets, the confounding effects that differences among regions and seasons and residuals. This matrix was also used to create a 'model resemblance matrix', whereby 214 samples from the same year had a distance of 0 and samples from different years had a 215 distance of 1. This model resemblance matrix, in conjunction with the data matrix of 216 reduced metric residuals, was subsequently used in the following two approaches to 217 identify those metrics which exhibited the most consistent inter-annual differences. 218 219
Modelling and weight of evidence 220
Firstly, distance-based linear modelling (DISTLM; McArdle and Anderson, 2001 ) 221 was used in a novel way to determine the subset of 'predictor' variables (fish metrics) 222 which best modelled the 'response' data cloud (the 0-1 model matrix), and thus whose 223 values were relatively constant within any year, yet differed consistently between years. 224
The proportion of explained variation (r 2 ) was calculated for each model (i.e. combination 225 of predictor variables), although the value of this selection criterion always increases with 226 the number of predictor variables and thus does not provide a good basis for the selection 227 of parsimonious metric sets. Therefore, the selection criterion employed in this analysis 228 was a modified version of the information criterion (AIC) described by Akaike (1973) , 229 namely AIC c , which was developed for application in situations like that of the current 230 study, where the number of samples (n) relative to predictor variables (q) is small, i.e. n / q 231 <40 (Burnham and Anderson, 2002) . The selection procedure used was the 'Best' 232 procedure, which calculates AIC c for all possible models and identifies that with the lowest 233 AIC c value (AIC c(min) ) as the estimated 'best' of the candidate models. 234
It is important to note that, according to information theory, competing models 235 Finally, a weight of evidence approach was adopted for consolidating, into a single 284 set, those metrics which were consistently identified as among the 'best' in the DISTLM 285 and BIOENV/BVSTEP analyses of the 21, 41 and 102-133 m data sets. Thus, a metric was 286 selected for inclusion in the nearshore index of estuarine health if it was identified by more 287 than one of the six analyses. Given the small number of metrics identified by the DISTLM 288 and BIOENV analyses of the gill net data set, and the fact that only two metrics were 289 selected by both analyses, the decision rule for metric selection was modified to include a 290 metric in the offshore index if it was identified by either of the two analyses. 291 combination of metrics that best modelled the 0-1 model matrix and thus exhibited the 298 most consistent inter-annual differences. However, the Akaike weights for each of the 299 resultant models revealed that none had a high probability of being the single best, and the 300 application of multi-model inference was thus shown to be appropriate. A subset of 20 301 models with r 2 values ranging between 0.194 and 0.216 were identified as being within 302 two units of AIC c(min) (Δ i ≤2), and were thus also considered to be substantially supported 303 by the evidence (Table 4 ). The metrics that occurred at a relative frequency of >50% 304 among the models in this subset, and which were thus considered to have been selected by 305 the DISTLM routine, are listed in Table 5 . were also identified as having substantial support from the evidence (Appendix C). Table 5  320 again lists those metrics which occurred at a relative frequency of >50% among the models 321 in the Δ i ≤2 subset. approach, where r 2 values were also low, noting that r 2 and ρ are broadly comparable since 334 the latter is a matrix correlation, not a direct correlation. 335
Given the above findings, neither DISTLM nor BIOENV/BVSTEP alone could be 336 considered to have selected a definitive, best set of fish metrics for the nearshore waters of 337 the Swan Estuary. Consideration of the combined outputs of these analyses via a weight of 338 evidence approach was therefore appropriate for identifying the most reliable, informative 339 metric subset from which to build a nearshore index of estuarine health. The set of 11 340 metrics selected for inclusion in this index, namely those selected by more than one of the 341 six analyses, are shown in Table 5 . 342 none of these models had a high probability of being the single best. Selection of those 351 metrics occurring at a relative frequency of >50% among the models in this subset 352 generated the set of metrics highlighted in Table 6 . 353
The BIOENV routine identified a set of five metrics No trop spec, 354 No trop gen, Prop detr and Prop benthic) as being best matched to the model matrix of 355 inter-annual differences for the offshore data set (ρ s = 0.068, p = 0.07; Table 6 ). Although 356 this correlation was weak, it was close to statistical significance at p = 0.05, and was thus 357 accepted for further consideration as part of the broader, evidence-based approach for 358 constructing the offshore health index. As only two metrics were selected by both the 359 DISTLM and BIOENV analyses of the gill net data set, the modified decision rule, to 360 select a metric for inclusion in the offshore index if it was identified by either of the two 361 analyses, subsequently generated a set of seven metrics (Table 6) . 362 363
Discussion 364
Multi-metric biotic indices derived using an objective, statistical approach to 365 metric selection are widely regarded as being more robust than those based on expert 366 judgement alone (Hering et al., 2006; Roset et al., 2007) . This study has produced a 367 generally applicable and multifaceted statistical approach for selecting the most responsive 368 and parsimonious subset of metrics for inclusion in a biotic index of ecosystem health. In 369 particular, this novel methodology allows the objective selection of health index metrics in 370 situations where independent data on ecosystem condition is unavailable, and can be 371 applied to any type of biota in any ecosystem. Moreover, by modifying the model matrix 372 to reflect available information, this approach could equally be applied to any situation in 373 which there is sound evidence for specific patterns or directions of change in the health of 374 an ecosystem over time or space. 375
In addition to the above, the current approach to metric selection also adheres to a 376 range of accepted recommendations for multi-metric index development that have been 377 documented in the relevant literature. Firstly, as recommended by Roset et al. (2007) , the 378 metrics selected for inclusion in the ecosystem health index were chosen from an initial, 379 large candidate list using statistical tests of metric redundancy and sensitivity. Secondly, as 380 recommended by Hering et al. (2006) among others, the current approach excluded 381 erratically variable and highly correlated metrics in order to increase the reliability and 382 reduce the redundancy, respectively, of the resultant candidate metric set. Finally, 383 selection from among those remaining candidate metrics was carried out using statistical 384 testing of metric sensitivity to a model matrix, the latter of which can readily be tailored to 385 reflect a range of spatio-temporal trends. 386
The novel statistical approach adopted here, which employed a combination of 387 multivariate analyses and information-theoretic multi-model inference techniques, allowed 388 metrics to be selected according to the weight of evidence from multiple analyses of 389 numerous data sets, each of which was collected over differing periods and employed 390 divergent sampling techniques. 391
The adoption of novel statistical approaches for selecting metrics requires that the 392 use of these techniques be justified. Although the use of AIC and AIC c for establishing the 393 importance of predictor variables in 'explaining' the underlying patterns in a response 394 cloud has been criticised by some authors (Link and Barker, 2006; Murray and Conner, 395 2009), Burnham and Anderson (2002) have shown that the relative importance of each 396 variable may be calculated by summing the Akaike weights for each model containing the 397 variable of interest and calculating ratios of those summed weights. This enables variables 398 to be ranked and selected according to their relative importance among multiple competing 399 models. In the present case, however, direct calculation of the relative importance of 400 variables (fish metrics) in the manner outlined above was invalid, as individual metrics 401
were not balanced in terms of the frequency with which they occurred among multiple 402 models in the output of the DISTLM routine. Therefore, the current study has adapted this 403 method by ranking the relative importance of individual metrics according to their relative 404 frequency among the likely 'best' (Δ i ≤2) subset of models identified by DISTLM. Given 405 that all possible combinations of metrics have been tested and that some metrics occurred 406 more consistently than others among this 'best' subset, the weight of evidence suggests that 407 metrics which are present among >50% of those models are likely to be the most 408 consistently sensitive to inter-annual differences in estuarine condition, and thus most 409 appropriate for inclusion in an estuarine health index. Although the selection of variables 410 via exhaustive testing of all possible models has been identified as 'data dredging' and 411 cautioned against (Burnham and Anderson, 2002) , the aim in the present case was not to 412 determine statistically significant explanatory variables and thus fit parameters to model 413 causative relationships, but rather to identify the most useful signals from which to 414 construct an estuarine health index, which will subsequently be validated using larger data 415 sets. The weight of evidence approach adopted in this study thus accounts for model 416 uncertainty and is compatible with the ideological demands of constructing a multi-metric 417 index that integrates information from a range of attributes of the fish community. 418
The Swan Estuary is an example of one of the many estuarine systems throughout 419 south-western Australia and, indeed, the world, for which robust, independent data on 420 ecosystem condition are not available at appropriate spatio-temporal scales. Unlike the 421 situation for many estuaries throughout Europe, the United States and South Africa, there 422 is thus no objective framework against which the sensitivity of candidate fish metrics for a 423 biotic index of ecosystem health for these systems might be assessed. Existing indicators 424 developed for the Swan Estuary focus on various aspects of water quality, (e.g. salinity, 425 temperature, total suspended solids, the concentrations of chlorophyll a and several key 426 nutrients) and counts of various phytoplankton groups. However, they provide little or no 427 information on the ecological status of the estuarine fauna and exhibit trends which are 428 highly inconsistent, often contrary and difficult to interpret (Henderson and Kuhnert, 2006; 429 Kuhnert and Henderson, 2006) . 430
When the current approach was applied to the specific example of the fish fauna in 431 the Swan Estuary, the respective sets of 11 and seven metrics selected for the nearshore 432 and offshore waters were shown to represent a broad range of fish community 433 characteristics including species composition and diversity, trophic structure, life history 434 and habitat functions and, in the case of the nearshore index, a potential sentinel species. 435
Biotic indices constructed from a broad range of metrics such as this are more likely to 436 reflect the integrated ecological effects of multiple and diverse stressors, and thus reveal 437 their impacts on the condition of the estuary as a whole (Barbour et al., 1995) . These 438 metric sets are currently being used to construct a multi-metric health index for the Swan 439 Estuary (the first such scheme to be developed for assessing and monitoring the health of 440 estuaries in Australia), whose sensitivity and reliability will be tested in subsequent studies 441
Despite the prior elimination of highly correlated metrics to reduce redundancy 442 among the candidate metric set for the Swan Estuary fish fauna, the results of the distance-443 based linear modelling analyses of multiple data sets highlighted considerable redundancy 444 among the remaining candidate metrics, and indicated substantial uncertainty regarding the 445 particular subset of metrics that best responded to inter-annual differences. Moreover, the 446 consistently low r 2 and ρ s values from the DISTLM and BIOENV/BVSTEP analyses, 447 respectively, revealed that no single combination of metrics explained a large proportion 448 of the inter-annual patterns in the model resemblance matrix. Therefore, for each of the 449 nearshore and offshore data sets analysed, acceptance of a single 'best' model was 450 inappropriate, and weight of evidence-based multi-model inference techniques were thus 451 applied to identify the set of metrics whose responses were most consistent over time and 452 across data sets. 453
It is universally recognised, however, that the final suite of metrics selected for 454 inclusion in a multi-metric index should include those that are sensitive to human 455 disturbance (Barbour et al., 1995; United States Environmental Protection Agency, 2006; 456 Roset et al., 2007; Niemeijer and de Groot, 2008) . Thus, while the current approach 457 provides an avenue for circumventing any a priori demonstration of the relationships 458 between the selected metrics and independent measures of anthropogenic degradation (i.e. 459
where the latter data is not available), it should be reiterated that, in cases such as these, 460 a posteriori tests of metric sensitivity, redundancy and consistency are essential to 461 demonstrate their ecological relevance and robustness before they can be used to construct 462 a health index. This is the subject of continuing research for the example of the Swan 463
Estuary presented in this study. Summary of the fish metrics selected by the DISTLM and BIOENV/BVSTEP analyses of 731 the nearshore data sets (light highlight), including those metrics selected by multiple 732 analyses and thus identified as appropriate for incorporation into a nearshore estuarine 733 health index for the Swan Estuary (dark highlight). Numbers shown represent the relative 734 frequency (%) of the metric among the 'best' model subset. See Table 3 Table 6  739 Fish metrics selected by the DISTLM or BIOENV analyses of the offshore data set (light 740 highlight) and thus identified as appropriate for incorporation into an offshore estuarine 741 health index (dark highlight). Numbers shown represent the relative frequency (%) of the 742 metric among the 'best' model subset. See Table 3 for explanation of metric abbreviations. 743
Metric
Gill net data set Selected DISTLM BIOENV
No species 80
Dominance 24
Sh-div 39
Prop trop spec 12
No trop spec 88
No trop gen 42
Prop detr 39
Feed guild comp 44
Prop benthic 100
No benthic 18
Prop est spawn 100 -111.54 7 4,5,7,9,11,12,13 
No est spawn
